Understanding the spatial variability of soil health and identifying areas that share similar soil properties can help nations transition to sustainable agricultural practices. This information is particularly applicable to management decisions such as tillage, nutrient application, and soil and water conservation. This study evaluated the spatial variability and derived the optimal number of spatially contiguous regions of Nigeria's 774 Local Government Areas (LGAs) using three soil health indicators, organic carbon (OC), bulk density (BD) and total nitrogen (TN) extracted from the Africa Soil Information Service database. Missing data were imputed using the random forest imputation method with topography and normalized difference vegetation index (NDVI) as auxiliary variables. Using an exponential covariance function, the spatial ranges for BD, SN, and OC were calculated as 18, 42, and 60 km, respectively. These were the maximum distances at which there was no correlation between the sample data points. This finding suggests that OC has high variability across Nigeria as compared with other tested indicators. The ordinary kriging (OK) technique revealed spatial dependency (positive correlation) among TN and OC on interpolated surfaces, with high values in the southern part of the county and low values in the north. The BD values were also high in the northern regions where the soils are sandy; correspondingly, TN and OC had low values. The "regionalization with dynamically constrained agglomerative clustering and partitioning" (REDCAP) technique was used to divide LGAs into a possible number of regions while optimizing a sum of squares deviation (SSD). Optimal division was not observed in the resulting number of regional partitions. Conducting the Markov Chain Monte Carlo (MCMC) method on within-zone heterogeneity (WZH) revealed three partitions (two, five, and 15 regions) as optimal, in other words, there would be no significant change in WZH after three partitions. Ensuring a proper understanding of soil spatial variability and heterogeneities (or homogeneities) could facilitate agricultural planning that combines or merges state and local governments that share the same soil health properties, rather than basing decisions on geopolitical, racial, or ethnoreligious factors. The findings of this study could be applied to understand the importance of soil heterogeneities in hydrologic modeling applications. In addition, the findings may aid decision-making bodies such as the United Nations' Food and Agricultural Organization, the International Fund for Agricultural Development, or the World Bank in their efforts to alleviate poverty, meet future food needs, mitigate the impacts of climate change, and provide financial funding through sustainable agriculture and intervention in developing countries such as Nigeria.
Introduction
A lack of adequate information regarding soil health status, few government incentives for access to post-harvesting facilities, and inadequate planning are among the primary threats to food security in developing countries. Soil is important for the functioning of all terrestrial ecosystems and to provide food and fiber [1] . Understanding soil health and identifying areas that share similar soil properties can facilitate the transition to sustainable agricultural practices. According to [2] , soil health can be defined as "the capacity of a living soil to function, within natural or managed ecosystem boundaries, to sustain plant and animal productivity, maintain or enhance water and air quality, and promote plant and animal health".
Ball et al. [3] highlighted the need for knowledge exchange regarding soil quality. According to the Centre for Agriculture and Bioscience International [4] , soil health plays a major role in ensuring food security. Soil health is also important for food and agricultural production, especially in light of the growing global population [4] . Bouma and McBratney [5] described the importance of soil health in providing ecosystem services and defined global sustainability as establishing food, energy, and water security; reducing the impacts of climate change; protecting biodiversity; and supporting human health [6] . From the perspective of ensuring sustainability and food security, this connection between soil health and food security should be sustained.
The connection between soil health and human engagement has been described in three different ways that allow the targeting of appropriate messages to different groups [3] . The first is known as the "direct connection," that provides soil awareness for management that can be facilitated by farmers joining soil-focused farming groups [3] . The second is the "indirect connection" between soil, food, and ecosystem and services that can influence food security. According to Ball et al. [3] , the third type is the "temporal connection" which refers to the awareness among policy workers that long-term preservation of soil quality is required for environmental conservation. All three types of connections or levels of awareness are necessary for sustainable food production. Enhanced awareness and knowledge of how to preserve and utilize the soil are needed to meet the needs of the growing population and achieve global food security within the next century.
In developing nations, additional factors act as barriers to soil health and food security. These include the socioeconomic system, political instability, and corruption. In many countries, agricultural policies are based on political considerations, without any consideration of underlying natural features such as soil characteristics, landscape properties, and water management. In Nigeria, for instance, government plans and policies are often based on geopolitical zones comprised of states and local governments. The central government bases resource sharing and agriculture programs on "hard" geopolitical boundaries. This allows equal allocation of resources and ensures that minor tribes are not neglected, however, doing so could result in negative consequences such as poor soil nutrient management, low agricultural productivity, and failed agricultural policies and initiatives.
Nigeria is a developing country with an average annual population growth of 2.5% [7] . The nation's population is projected to reach 402 million by 2050 [8, 9] . To feed the rapidly growing population, appropriate management of Nigerian soil health is crucial. Land management is challenging for developing countries due to a lack of planning and a scarcity of reliable data to determine the health status of the soil, and Nigeria is no exception. The United Nations Food and Agricultural Organization [10] has reported high reductions in Nigerian soil fertility for several decades. Agriculture holds the key to meeting these challenges, especially for a highly populated country like Nigeria A proper understanding of soil spatial variability and heterogeneities (or homogeneities) can facilitate planning that combines or merges state and local governments sharing the same soil health properties, rather than making agricultural planning decisions based on geopolitical, racial, or ethnoreligious factors. Information on soil spatial variability could aid collaborations and reduce planning costs. It could also bring together various institutions working to achieve the sustainable development goals (SDGs, i.e., "zero hunger" and "no poverty") in Nigeria. According to Rasul [11] , poor sectoral coordination and institutional fragmentation may hinder a country's (like Nigeria) ability to achieve the SDGs. Nigeria is comprised of 774 local government areas (LGAs), which represent its smallest administrative entities and are headed by LGA chairmen. The objective of the LGA is to benefit the people and carry out governance at the local level, thereby providing efficient goods, basic infrastructural development, and community services [12] .
Both the UN FAO [13] and Tacoli et al. [12] have highlighted the key role of smaller administrative units in achieving food security. Indeed, community-led initiatives can improve access to food and help combat the impacts of climate change and food insecurity [13] . As such, management of soil health at a local level is very important.
The US Department of Agriculture Natural Resources Conservation Services (USDA-NRCS) has characterized soil health indicators (SHIs) according to their physical, chemical, and biological properties. Three key indicators are bulk density (BD), soil nitrate (SN), and organic carbon (OC). Measurement of these indicators is inherently difficult, especially on a national scale. An international initiative known as the Africa Soil Information Service (AfSIS) was therefore established to provide spatial information on African soil [14] . Although this initiative has provided spatially derived data covering almost all of Africa's landmass, information about the interactions and partitioning of these soil properties for specific countries targeting relevant agricultural programs is lacking. Moreover, the dataset has a considerable amount of missing data which limits the ability to conduct meaningful interpretation. Several multivariate imputation methods can be used for this purpose. Among these, the random forest imputation (RFI) method has been reported to provide the most accurate results, as it involves the application of bootstrap aggregation of several regression trees, preventing model overfitting [15] . According to Shah et al. [16] , RFI can be defined as an extension of regression tree and classification. RFI is a technique that preimputes the data, that is, grow a forest and recursively estimate the missing values using the grown forest [17] . Iteration is conducted until the result improves. For detailed mathematically conceptualization and application of random forest in various fields, see [16] [17] [18] [19] .
This paper aims to quantify the spatial variability of Nigeria's SHIs using variogram modeling and to partition the total area into a set of spatially contiguous regions using the following soil properties: BD, SN, and OC. Variogram modeling is the process of defining a half-average difference between a pair of data points [20] [21] [22] [23] and has been used to characterize the spatial variabilities of soil properties [24, 25] . The next step is the partitioning of SHIs into regions that are realistic and feasible for activities including planning, sustainable agriculture, and investment. Several methods or approaches can be used to conduct this partitioning. For example, there exist methods in which attributes are first clustered and then spatially aggregated [26] , heuristic techniques based on repetitive spatial partitioning [27] , and a method involving the imposition of spatial constraints [28] .
The "regionalization with dynamically constrained agglomerative clustering and partitioning" (REDCAP) tool developed by [28] has been used to divide a region into a number of spatially contiguous regions. Regionalization has been used and applied in domains such as climatic zoning [29] , ecoregion analysis [30] , and the establishment of management zones for variable-rate agriculture [25] . The REDCAP algorithm can determine several regional divisions (i.e., different numbers of regional partitions). However, for management and efficiency purposes, it is often desirable to determine the optimal number of spatially contiguous regions. To do so, a Bayesian change-point analysis can be conducted [31, 32] . This paper seeks to answer pertinent questions such as, "How many potential contiguous regions can Nigeria be divided into using the SHIs BD, OC, and SN?" and "What is the optimal number of regions?". To the author's knowledge, this study represents the first attempt to use SHIs to partition Nigeria into homogenous regions that can be used to inform management decisions in sustainable agriculture such as precision farming. The remainder of this paper is organized as follows: Section 2 describes Nigeria's geography and the dataset (AfSIS) as well as use of the REDCAP technique for regionalization and partitioning, and MCMC change-point analysis to determine the optimal number of regions. Section 3 discusses the results and Section 4 draws conclusions and provides recommendations.
Materials and Methods

Study Area
Nigeria is the most populated country in Africa located at latitude 4 • N, 14 • N and longitude 2 • 2 E, 14 • 30 E with a population of over 190 million as of 2017 [33] . The total land area exceeds 923,000 km 2 and approximately 70% of this is used for agriculture [34] . Nigeria has the following three main ecological zones: the northern Sudan Savannah, the Guinea Savannah or "Middle Belt", and the southern rainforest zone ( Figure 1 ) [34] . Nigeria is the most populated country in Africa located at latitude 4° N, 14° N and longitude 2°2′ E, 14°30′ E with a population of over 190 million as of 2017 [33] . The total land area exceeds 923,000 km 2 and approximately 70% of this is used for agriculture [34] . Nigeria has the following three main ecological zones: the northern Sudan Savannah, the Guinea Savannah or "Middle Belt", and the southern rainforest zone ( Figure 1 ) [34] . The Nigerian climate varies from semiarid in the northern part (savannah) to humid (rain forest) in the south, and the country has two distinct wet and dry seasons [34] . National average rainfall is about 1150 mm per year, with annual averages ranging from 500 mm in the northeast to 1000 mm in the central region and over 2000 mm in the southern part of the country. The northern part of Nigeria, bordered by Niger, is quite dry and suffers from low rainfall. Monthly temperatures vary from 18 °C to over 38 °C, with high temperatures mainly experienced in the north. Agricultural practices are primarily smallholder based and employ 50% of the population [34] .
According to the World Bank data on poverty and equity, more than 53% of the population (~90 million people) lives in extreme poverty [33] . This is likely to increase by 2050 due to the impact of climate change, food insecurity, and tribal conflict, among other factors. Sustainable agricultural practices are very important in combating these threats. Therefore, the government must be proactive in planning and must achieve a greater understanding of SHIs and their interactions in order to make suitable land management decisions.
For several decades, researchers have attempted to study and understand both the physical and chemical properties of Nigeria's soil. Harpstead [35] collected soil profile samples from 11 sites. These sites were widely distributed throughout the country, from the high rainfall area in the south to the dry northern area. Agboola [36] examined over 60% of Nigeria by area and characterized the clay content of Nigerian soil, which ranged from 9% to 43% clay. Osunade [37] developed a method to identify the most suitable soils for different crop types. Finally, Ojuola [38] developed digital soil maps for Nigeria using individual properties such as pH, total nitrogen, phosphorus, potassium, OC, and zinc. Although these efforts are commendable, they have failed to provide an integrated classification of soil properties based on their heterogeneities at the LGA level, which is the primary food source for the urban population. The Nigerian climate varies from semiarid in the northern part (savannah) to humid (rain forest) in the south, and the country has two distinct wet and dry seasons [34] . National average rainfall is about 1150 mm per year, with annual averages ranging from 500 mm in the northeast to 1000 mm in the central region and over 2000 mm in the southern part of the country. The northern part of Nigeria, bordered by Niger, is quite dry and suffers from low rainfall. Monthly temperatures vary from 18 • C to over 38 • C, with high temperatures mainly experienced in the north. Agricultural practices are primarily smallholder based and employ 50% of the population [34] .
For several decades, researchers have attempted to study and understand both the physical and chemical properties of Nigeria's soil. Harpstead [35] collected soil profile samples from 11 sites. These sites were widely distributed throughout the country, from the high rainfall area in the south to the dry northern area. Agboola [36] examined over 60% of Nigeria by area and characterized the clay content of Nigerian soil, which ranged from 9% to 43% clay. Osunade [37] developed a method to identify the most suitable soils for different crop types. Finally, Ojuola [38] developed digital soil maps for Nigeria using individual properties such as pH, total nitrogen, phosphorus, potassium, OC, and zinc. Although these efforts are commendable, they have failed to provide an integrated classification of soil properties based on their heterogeneities at the LGA level, which is the primary food source for the urban population.
This study, therefore, aims to fill this gap by providing information that can be used by national and international programs as decision-support tools regarding the similarities and heterogeneities of Nigeria's soil. For this analysis, individual LGAs (polygons) will be referred to as "units".
Dataset Description
The Africa Soil Information Service (AfSIS) is a data dissemination portal that was launched in 2009 to fill the gap in the existing efforts to create digital soil mapping in Africa [13] ). The project compiled datasets from two databases, the African Soil Profiles Database (the "Legacy Database") and the AfSIS Sentinel Site database. The Legacy Database (version 1.2) now has more than 18,532 soil profiles, of which 17,160 are georeferenced records covering 40 countries in sub-Saharan Africa [39] . According to Leenaars et al. [39] , data for the Legacy Database were collected from various forms (digital and analogue) of sources but has now been compiled and conforms to the same standard using quality control procedures, however, the sampling depths vary from 0 to 260 cm, 0 to 280 cm, and 0 to 280 cm for TN, OC, and BD, respectively. This study used the Legacy Database version 1.2 which covers almost all of Nigeria spatially but has substantial missing data. The SHIs BD, SN, and OC were extracted from the database. Table 1 shows the percentage of missing values for each SHI and Figure 2 shows the locations of each SHI. As shown in Table 1 , OC had the highest sample size and spatial distribution, whereas BD had a smaller sample size and poor spatial representation due to missing data. In addition to the AfSIS data, gridded normalized difference vegetation index (NDVI) at a spatial resolution of 250 m (http://iridl.ldeo.columbia.edu/maproom/.Health/.Regional/.Africa/.Malaria/ .NDVI/.WAF/) and the Consultative Group on International Agricultural Research version of Shuttle Radar Topography Mission (SRTM) Digital Elevation Model (i.e., topography) at 90 m resolution (http://srtm.csi.cgiar.org/) were explored and used as auxiliary variables for the imputation method. NDVI quantifies vegetation abundance or vigor with values ranging from −1 to +1. When the NDVI value is close to one, this is an indication of highly dense vegetation. Using relevant auxiliary variables in imputation procedure has been implemented by Shah et al. [16] . Corresponding values of these two gridded datasets were extracted to the AfSIS point set data 
Imputation of Missing Values and Spatial Variability of Soil Health Indicators
The data in the AfSIS dataset were collected from various sources, and certain SHIs were not measured in certain locations (see Figure 2 ). BD indicates the soil's degree of compactness. BD is an important indicator of soil health because it acts as a structural support for plants, controls the transport of water, and solutes and determines the number of pore spaces available for aeration [40] . BD is commonly expressed as the ratio of the soil's dry weight to its corresponding volume (g/cm 3 ) [40] . Generally, BD has an average range of 1.1 g/cm 3 to 1.45 g/cm 3 . For optimal plant growth, the BD of sandy, silt, and clay soils should not exceed 1.60 g/cm 3 , 1.40 g/cm 3 , and 1.10 g/cm 3 , respectively. In addition, farming practices such as consistently plowing or diking soil to the same depth, frequently transporting heavy equipment on wet soil, or removing crop residues can all lead to poor BD.
TN is another important geochemical indicator of soil health and is an excellent indicator of the level of nitrogen in the soil available to plants. OC is the amount of carbon stored in organic matter. OC indicates the source of energy for soil microorganisms. It also supports soil fertility and nutrient retention. From an agricultural management perspective, a positive correlation between TN and OC levels is expected given that they are driven by similar factors, including soil quality, microbial activities, and manure or fertilizer applications. Additionally, TN and OC are expected to be negatively correlated with BD, since highly compacted soils (i.e., those with high BD) provide a poor environment for microbial activity, and therefore have low OC and TN. These underlying theoretical relationships were assessed in the imputation procedure.
Having significant amounts of missing data can introduce bias into the analysis. Therefore, the random forest method implemented as missForest package [18] in R statistical software was applied. The package uses the random forest technique to estimate the missing values of a data matrix based on observed values. The method can predict missing continuous or categorical datasets accurately without randomly drawing from a distribution [16] . In addition, the technique can preserve the complex interactions and linear or nonlinear relationships between variables [18] . The normalized root mean squared error (NRMSE) can be used to quantify the imputation error of this technique [18, 41] : 
Having significant amounts of missing data can introduce bias into the analysis. Therefore, the random forest method implemented as missForest package [18] in R statistical software was applied. The package uses the random forest technique to estimate the missing values of a data matrix based on observed values. The method can predict missing continuous or categorical datasets accurately without randomly drawing from a distribution [16] . In addition, the technique can preserve the complex interactions and linear or nonlinear relationships between variables [18] . The normalized root mean squared error (NRMSE) can be used to quantify the imputation error of this technique [18, 41] :
where X true is the complete data matrix and X imp is the imputed data matrix, and "mean" and "var" are notations for the empirical mean and variance of the continuous variables, in this case the SHI.
According to Stekhoven and Buehlmann [18] , an optimal result is to approach zero. In addition, the spatial interactions and relationships between the variables can be used to quantify the model's performance, especially in the case of spatial processes such as characterizing soil variables. In other words, the imputation method should preserve and strengthen any spatial dependency or correlation among the variables. The spatial variability of soil nutrients was primarily analyzed using a semi-variogram (or variogram). The variogram γ(h), from N samples with data pairs Z(u + h) and Z(u) for a number of distances h (distance intervals), can be defined as [42] :
where u is the location parameter. where Xtrue is the complete data matrix and Ximp is the imputed data matrix, and "mean" and "var" are notations for the empirical mean and variance of the continuous variables, in this case the SHI. According to Stekhoven and Buehlmann [18] , an optimal result is to approach zero. In addition, the spatial interactions and relationships between the variables can be used to quantify the model's performance, especially in the case of spatial processes such as characterizing soil variables. In other words, the imputation method should preserve and strengthen any spatial dependency or correlation among the variables. The spatial variability of soil nutrients was primarily analyzed using a semi-variogram (or variogram). The variogram γ(h), from N samples with data pairs Z(u + h) and Z(u) for a number of distances h (distance intervals), can be defined as [42] :
where u is the location parameter. An interpolated surface value was derived for each variable using the OK technique in the gstat package of R [43] . The country's spatial polygons, based on LGAs, were overlaid on each variable (Figure 3 ) and the "extract" function in the Raster R package was used to extract polygon values from the variables [44] . It was assumed that the extracted values were average properties of the SHIs within each polygon. Figure 3 summarizes the steps followed to obtain the optimal number of regions An interpolated surface value was derived for each variable using the OK technique in the gstat package of R [43] . The country's spatial polygons, based on LGAs, were overlaid on each variable (Figure 3 ) and the "extract" function in the Raster R package was used to extract polygon values from the variables [44] . It was assumed that the extracted values were average properties of the SHIs within each polygon. Figure 3 summarizes the steps followed to obtain the optimal number of regions.
Regionalization with REDCAP
Regionalization is the disaggregation of a large spatial object into smaller or similar spatially autocorrelated contiguous regions [45] while optimizing an objective function [46] . The objective function is based on the sum of squared deviation (SSD), a measure of the homogeneity of the derived region. The regionalization of any large spatial object can be performed using the REDCAP technique [46] . REDCAP can be described as a family of methods used to regionalize and partition large spatial objects using techniques such as single linkage (SLK), complete linkage (CLK), average linkage (ALK) and Ward hierarchical methods [45] . The ALK method, recommended by [28] , was used herein. ALK defines the distance between two regions as the average dissimilarity between all cross-region pairs of points [28] .
The regionalization and partitioning of an area's SHIs using REDCAP involved the following two steps:
1.
Spatial clustering of the datasets with contiguity constraints, which results in spatially contiguous trees and; 2.
Partitioning the trees in Step 1 to obtain regions. This involves optimizing an objective function, such as the heterogeneity of all soil variables or the homogeneity of the derived regions.
The way distance is defined is the only factor that differentiates the three methods. ALK defines distance as:
where L and M are clusters, |L| and |M| are the number of spatial data points in clusters, and dυζ is the dissimilarity between ζ and υ. The next step is to derive a number of spatial subtrees through the partitioning of the spatially contiguous trees obtained in Step 1. The partitioning step involves performing an optimization of the objective function, which is the minimization of the total heterogeneity estimate of all regions [25, 28] . The homogeneity gain (or heterogeneity loss) can be defined as:
where f * g (D) is the homogeneity gain for the tree after the best cut [25] and D a and D b are two subtrees from a possible cut of k (number of variables). The amount of heterogeneity, i.e., sum of squared deviations (SSD) is calculated using the equation:
where D is considered a region, L(D) denotes its heterogeneity, n r is the number of objects in the region D, S is the number of attributes, X hg is the value of h th attribute of the g th object, and ..
X h is the value of the h th attribute for all objects [25] . The smaller the SSD, the more homogeneous each region is on average [25] .
The total or overall heterogeneity, L k , (with k regions) is the total of the k heterogeneity which is defined as:
Markov Chain Monte Carlo (MCMC) Bayesian Change-Point Analyses
After deriving the within-zone heterogeneity, the next step is to determine the number of desired regions. This is often a subjective decision. Although other factors such as demographic or territorial dimensions can help determine the optimal number of regions [46] , there is no mathematical solution in REDCAP to determine the optimal number. Instead, a change-point method can be used to efficiently and accurately determine the number of regions. The generated WZH is a time series derived from REDCAP, and the change-point method can identify abrupt changes or aberrations in the series. The Bayesian change-point technique [47] can be used to detect change points in a time series. Now available as a statistical package in R [31] , change-point analysis is based on the MCMC Metropolis-Hasting method. Having a transition probability, ρ, the conditional probability of change at location j + 1 is obtained from the following equation [31, 47, 48] :
where n is the number of observations; L k is the within-region heterogeneity obtained from Equation 6; U is a partition block; w is the ratio of signal error to error variance; w 0 , B 0 , w 1 , and B 1 are within-and between-block sums of squares derived when U i = 0 and U i = 1, respectively. Table 2 shows the descriptive statistics for the three SHIs across the entire country. The SHIs had coefficients of variation (CVs) of 9.10%, 89.00%, and 95.65% for BD, OC, and TN, respectively, demonstrating high spatial variability and heterogeneity in OC and TN. This may have been due to human activities such as agricultural practices (i.e., fertilizer or manure applications). The low CV for BD indicates a relatively uniform spatial distribution, or homogeneity, across the entire country. It also suggests little or no effect of external factors or human influence on BD values across Nigeria. Smallholder agriculture accounts for more than 80% of total farms in Nigeria [49] . Each smallholder farmer can only manage an average of 0.5 ha [49] . Since heavy farming equipment is not involved in smallholder agriculture, relatively uniform BD values may be due to lack of soil compaction or absence of constant agricultural management practices (e.g., tillage) across the country. Figure 4 shows the correlation coefficient between the SHIs using the original sample size (i.e., before imputation and excluding missing values) and significant correlations were observed in all cases. Specifically, BD was negatively correlated with both OC and TN, while OC and TN were negatively correlated. This may be due to human influences such as agricultural practices like fertilizer or manure application. As shown in Figure 5 , efficient multivariate imputation preserved and strengthened this relationship. Figure 5 shows the correlation plots of the three SHIs after data imputation using the random forest method. As shown, there were improvements in both the positive and negative correlations between the variables. After imputation, the negative correlation between BD and OC (−0.74) improved from −0.54, and the negative correlation between BD and TN improved from −0.49 to −0.64 after imputation. Notably, the distributions of each variable were preserved after imputation ( Figure 5 ), suggesting that the random forest technique of multiple imputation is an effective method that addresses missing data in multivariate analysis. Furthermore, the NRMSE obtained for the missing value was 0.01299 with elevation and NDVI as auxiliary variables while that without auxiliary variables was 0.333. The low imputation error rate of 0.01299 (1.2%) for all three variables confirms that including auxiliary variables can improve the accuracy and error bias for multivariate imputation. imputation is an effective method that addresses missing data in multivariate analysis. Furthermore, the NRMSE obtained for the missing value was 0.01299 with elevation and NDVI as auxiliary variables while that without auxiliary variables was 0.333. The low imputation error rate of 0.01299 (1.2%) for all three variables confirms that including auxiliary variables can improve the accuracy and error bias for multivariate imputation. Figure 6 shows the spatial dependency of the SHIs using a variogram. Figure 6a shows that BD had a range, nugget, and sill of 18 km, 0.002 g/cm 3 , and 0.10 g/cm 3 , respectively. Figure 6b shows that TN had a range, nugget, and sill of 42 km, 0.16 g/kg, and 0.51 g/kg, respectively. Figure 6c shows that OC had a range, nugget, and sill of 60 km, 3.42 g/kg, and 82.6 g/kg, respectively. The nugget variance, which is the small-scale variability in the measured values between two sample points, also reflects Figure 6 shows the spatial dependency of the SHIs using a variogram. Figure 6a shows that BD had a range, nugget, and sill of 18 km, 0.002 g/cm 3 , and 0.10 g/cm 3 , respectively. Figure 6b shows that TN had a range, nugget, and sill of 42 km, 0.16 g/kg, and 0.51 g/kg, respectively. Figure 6c shows that OC had a range, nugget, and sill of 60 km, 3.42 g/kg, and 82.6 g/kg, respectively. The nugget variance, which is the small-scale variability in the measured values between two sample points, also reflects the uncertainty in the measuring device or technique used. The range indicates the maximum distance at which there is no correlation between the sample points. OC had a higher uncertainty as compared to the other two indicators. This finding corroborates the studies of [50] [51] [52] , all of which reported high levels of uncertainty in modeling organic soil stock across various spatial scales. The range value of OC compares to that of TN which further confirms the existence of spatial correlation or coregionalization between the two variables. Considering the nugget ratio (nugget/sill), all the variables had a ratio of less than 0.25, which suggests strong spatial dependency of the SHIs. The variogram model parameters were used to produce a surface using the OK technique. The OK technique was used to produce the interpolated surfaces shown in Figure 7 . As shown, BD varied from about 1.18 g/cm 3 in the southwest of Nigeria to about 1.4 g/cm 3 in the northern regions. In addition, in the southern part of the country, the concentration of OC exceeded 24 g/kg and that of SN exceeded 1.8 g/kg. Figure 7 also shows spatial correlation among the variables, with high OC and The variogram model parameters were used to produce a surface using the OK technique. The OK technique was used to produce the interpolated surfaces shown in Figure 7 . As shown, BD varied from about 1.18 g/cm 3 in the southwest of Nigeria to about 1.4 g/cm 3 in the northern regions. In addition, in the southern part of the country, the concentration of OC exceeded 24 g/kg and that of SN exceeded 1.8 g/kg. Figure 7 also shows spatial correlation among the variables, with high OC and TN values in the southern parts of the country and low values in the northern parts. It should be noted that the "high" BD value in the corner of the southwest region was approximately 1.4 g/cm 3 , which is within the normal range for silt soils. The area also has the most fertile soil in Nigeria (rainforest ecological region, see Figure 1 ). The low OC and SN values in the northern part of the country also aligned with expectations. In summary, the results of the OK technique captured the spatial pattern and correlation between the variables, as expected. Figure 8 shows the WZH of the SHIs by the possible number of regional divisions. The maximum number of regions was limited to 36 of the 774 LGAs considered. This number was selected as it corresponded with the number of states in Nigeria, and because it represented the maximum number of regions after which there was no significant change in the WZH. The first cut (one region scenario) portrays the situation where all the variables are within one unit and all units are considered a single unit. The WZHs are typically higher in a one region scenario. The second cut (two regions scenario) portrays the situation where all the variables are within two regions, and so on. Thus, the country can be divided into different numbers of regions depending on the planned application of the results. Each possible number of regional divisions has variability within the region based on the SSD of the three SHIs. The following section discusses the implications of selecting the optimal regions and situations in which this may be most suitable. Figure 8 shows the WZH of the SHIs by the possible number of regional divisions. The maximum number of regions was limited to 36 of the 774 LGAs considered. This number was selected as it corresponded with the number of states in Nigeria, and because it represented the maximum number of regions after which there was no significant change in the WZH. The first cut (one region scenario) portrays the situation where all the variables are within one unit and all units are considered a single unit. The WZHs are typically higher in a one region scenario. The second cut (two regions scenario) portrays the situation where all the variables are within two regions, and so on. Thus, the country can be divided into different numbers of regions depending on the planned application of the results. Each possible number of regional divisions has variability within the region based on the SSD of the three SHIs. The following section discusses the implications of selecting the optimal regions and situations in which this may be most suitable. 
Results and Discussion
Imputation and Spatial Variability of Soil Health Properties
Soil Heterogeneities and Possible Number of Regional Divisions
Optimal Management Scenario and Socioeconomic Implications for Nigeria
Having derived the regional divisions based on the WZH of the SHIs, the maximum possible number of regions was considered. The 36 regions scenario (Figure 9 ) shows a situation where 774 units are regionalized into 36 regions that are independent, and therefore, there is less heterogeneity within the region. In a large country like Nigeria, the central government may wish to plan an agricultural intervention involving a large number of regions. The 36 regions scenario may be useful in such a situation. Having a large number of regions may also preserve better spatial resolution in 
Having derived the regional divisions based on the WZH of the SHIs, the maximum possible number of regions was considered. The 36 regions scenario ( Figure 9 ) shows a situation where 774 units are regionalized into 36 regions that are independent, and therefore, there is less heterogeneity within the region. In a large country like Nigeria, the central government may wish to plan an agricultural intervention involving a large number of regions. The 36 regions scenario may be useful in such a situation. Having a large number of regions may also preserve better spatial resolution in the aggregation process [45] . Therefore, the 36 regions scenario is more applicable to national agricultural programs aimed at the smallest administrative units (i.e., LGAs). It should also be noted that while Nigeria has 36 states, the derived 36 regions breakdown differs from the 36 state administration in terms of geographical boundaries. Figure 10 shows the Bayesian change-point plot for the derived WZHs. There are change points at numbers two, five, and 15, suggesting that two, five, and 15 regions scenarios are optimal. Beyond fifteen regions, it is apparent that the WZHs become insignificant (Figure 8 ).
The 15 regions scenario, shown in Figure 11 , is an intermediate solution between the 36 and five region scenarios and may be useful for subregional project planning and administration in sustainable agriculture. The 15 regions scenario also could be used by the Federal Ministry of Water Resources' River Basin Development Authorities (RBBA). RBBA aims to provide water for irrigation practices across Nigeria. Knowing the heterogeneities or homogeneities of SHIs in areas where the project is located could improve productivity. The five regions scenario ( Figure 12) shows Nigeria partitioned into five regions. The five regions scenario has higher WZH than the 36 and 15 regions scenarios. This division would be useful for those involved in large-scale international agricultural programs such as the International Fund for Agricultural Development (IFAD)'s Adaptation for Smallholder Agriculture Program (ASAP) and the African Development Bank. IFAD-ASAP's main objective is to strengthen and improve the capacity of smallholder farmers to use climate information for the planning, development, and promotion of climate-resilient farming practices in developing countries such as Nigeria [54] . The five regions scenario may also be used to guide specific areas where projects could be sited, and the 36 and 15 regions scenarios could help determine siting based on the SHIs and similarity to neighboring areas. A program such as the Third National Fadama Development Project for Nigeria (FADAMA III) [53] may find this 36 regions map useful. FADAMA III aimed to increase the income of rural land users (smallholder farmers) and increase access to water for those within the Fadama project area. The project also aimed to improve the productivity performance of clusters of farmers that are involved in food crops such as cassava and rice [53] . Both users and decision makers could use this map to identify areas that are homogenous (i.e., share the same soil properties) and guide their decision making. Figure 10 shows the Bayesian change-point plot for the derived WZHs. There are change points at numbers two, five, and 15, suggesting that two, five, and 15 regions scenarios are optimal. Beyond fifteen regions, it is apparent that the WZHs become insignificant (Figure 8 ).
The 15 regions scenario, shown in Figure 11 , is an intermediate solution between the 36 and five region scenarios and may be useful for subregional project planning and administration in sustainable agriculture. The 15 regions scenario also could be used by the Federal Ministry of Water Resources' River Basin Development Authorities (RBBA). RBBA aims to provide water for irrigation practices across Nigeria. Knowing the heterogeneities or homogeneities of SHIs in areas where the project is located could improve productivity. The five regions scenario ( Figure 12) shows Nigeria partitioned into five regions. The five regions scenario has higher WZH than the 36 and 15 regions scenarios. This division would be useful for those involved in large-scale international agricultural programs such as the International Fund for Agricultural Development (IFAD)'s Adaptation for Smallholder Agriculture Program (ASAP) and the African Development Bank. IFAD-ASAP's main objective is to strengthen and improve the capacity of smallholder farmers to use climate information for the planning, development, and promotion of climate-resilient farming practices in developing countries such as Nigeria [54] . The five regions scenario may also be used to guide specific areas where projects could be sited, and the 36 and 15 regions scenarios could help determine siting based on the SHIs and similarity to neighboring areas. The scenario with two regions, shown in Figure 13 , clearly divides the country into two regions, corresponding with the spatial division of the country's main ecoregions (savannahs (Guinea and Sudan) and rain forest, see Figure 1 ). This implies a close linkage between the vegetation pattern, rainfall distribution, and SHI heterogeneities.
It is important to note that this analysis was conducted on national scale datasets, therefore, the spatial dependencies and variability of the SHIs may be different for samples collected at the state or local government scale. Therefore, caution must be taken when applying the findings of this study to smaller-scale datasets. The scenario with two regions, shown in Figure 13 , clearly divides the country into two regions, corresponding with the spatial division of the country's main ecoregions (savannahs (Guinea and Sudan) and rain forest, see Figure 1 ). This implies a close linkage between the vegetation pattern, rainfall distribution, and SHI heterogeneities. 
Conclusions
The health of the soil and that of the ecosystem are interlinked. To combat food security, adequate knowledge and information about soil health status is paramount. This study used the multivariate SHIs BD, OC, and SN to partition and regionalize the Nigerian LGAs into spatially contiguous regions. The following concluding remarks are drawn:
1. The random forest method of data imputation improved the spatial relationship (crosscorrelation) between the SHIs. A very low imputation error (NRMSE = 1.2%) for all three variables was observed suggesting that this method can be used in multivariate analysis of missing geospatial variables; 2. BD had the lowest CV, indicating a relatively uniform spatial distribution or homogeneity across Nigeria. It also signified little or no effect of external factors or human influence on the BD values. Measuring spatial variability, displayed as variograms of the SHIs, revealed that OC had It is important to note that this analysis was conducted on national scale datasets, therefore, the spatial dependencies and variability of the SHIs may be different for samples collected at the state or local government scale. Therefore, caution must be taken when applying the findings of this study to smaller-scale datasets.
1.
The random forest method of data imputation improved the spatial relationship (cross-correlation) between the SHIs. A very low imputation error (NRMSE = 1.2%) for all three variables was observed suggesting that this method can be used in multivariate analysis of missing geospatial variables; 2.
BD had the lowest CV, indicating a relatively uniform spatial distribution or homogeneity across Nigeria. It also signified little or no effect of external factors or human influence on the BD values. Measuring spatial variability, displayed as variograms of the SHIs, revealed that OC had the highest variability of the three SHIs. The spatially interpolated surface indicated spatial dependency of the three variables was high across Nigeria; 3.
Corresponding averages of the interpolated values were extracted based on the 774
LGAs. This study involved partitioning the LGAs as spatial objects into a number of spatially contiguous regions, and during the process optimized an objective function using REDCAP. Three divisions (two, five, and 15 regions scenarios) were selected as being optimal based on the WZH of the soil properties. The MCMC change-point technique was applied to the WZH to validate the optimal number of regions; 4.
In summary, this study provides a knowledge base to improve understanding of soil spatial variability and heterogeneities (or homogeneities). The findings could facilitate agricultural programs that combine or merge state and local governments that share the same soil health properties, rather than making agricultural management decisions based on geopolitical, racial, or ethnoreligious factors. This study may also aid decision-making bodies such as the UN FAO, IFAD, and the World Bank in their efforts to alleviate poverty, meet future food needs, mitigate the impacts of climate change, and provide financial funding through precise sustainable agriculture and intervention in developing countries such as Nigeria.
Funding: This research received no external funding.
